Background: Stark racial disparities in disease incidence among American women remains a persistent 28 public health challenge. These disparities likely result from complex interactions between genetic, social, 29 lifestyle, and environmental risk factors. The influence of environmental risk factors, such as chemical 30 exposure, however, may be substantial and is poorly understood.
Introduction
indicating which additional survey weights to use when generalizing these results for PFASs (Excel Table   141 S7). 142 Using multivariate regression models, we evaluated differences in biomarker concentrations in 143 blood and urine by race after log-transforming the data. We included log-transformed levels of cotinine as 144 a covariate to represent smoking (Benowitz, 1999) , and creatinine levels to adjust for urine dilution and 145 flow differences (Barr et al., 2005) . We modeled poverty income ratio (PIR) as a surrogate variable for 146 socioeconomic status. PIR is the ratio of household income and poverty threshold adjusted for family size 147 and inflation. First, we examined the racial differences in chemical biomarker levels by performing a series 148 of chemical-specific regression models with the main predictor being race/ethnicity (categorical), adjusting 149 for age (continuous), sex (categorical), NHANES cycle (continuous), PIR (continuous), and cotinine 150 (continuous) as described in Eq. (1) where cotinine concentration was the outcome, the regression models were not further corrected for 161 smoking. Prior to 2011, Asian Americans were categorized in Other Race/Multi-Racial category. 162 Accordingly, to evaluate chemical exposure disparities in Asian American women, we also applied Eq. 1 163 to the 2011-2014 data. Then to determine whether racial disparities are driven by differences in 164 socioeconomic status, we conducted a sensitivity analysis to observe how the race coefficients change with 165 and without adjustment for PIR in the regression models. The coefficient for ℎ race represents the 166 difference in log-transformed chemical biomarker concentration between the ℎ race and the reference 167 group of Non-Hispanic Whites. To account for multiple comparisons, we used a False Detection Rate 168 (FDR) method on the p-values of the linear regression race-coefficients (Benjamini and Hochberg, 1995) . 169 To evaluate how these racial differences in chemical exposures differ by age group, we conducted 170 stratified analyses by age groups in the 1999-2014 data. We defined 4 age groups: 0-11, 12-25, 26-50, and which non-Hispanic white women had the highest levels.
Results

202
In order to more clearly visualize the differences in chemical biomarkers by race/ethnicity, we 203 generated volcano plots, which are displayed in Figure 3 . The x-axis of these plots depicts the fold 204 difference in average chemical biomarker concentration between each race/ethnicity and non-Hispanic 
229
To understand whether socioeconomic status is a driver of racial disparities in chemical exposures, 230 we generated a series of correlation plots, comparing how the differences in chemical biomarker 231 concentrations by race/ethnicity change with the inclusion and exclusion of PIR in the regression models 232 ( Figure S1 and Excel Table S9 ). For many of the chemicals, the fold differences for comparing chemical 233 biomarker levels by race did not change drastically when including PIR as a covariate in the regression 234 models, implying that socioeconomic status is not the primary driver in explaining differences in chemical 235 exposures. However, for cotinine, PCB 194, and several chemicals used in personal care products, the 236 relative differences changed by greater than 25% when PIR was included as a covariate in the regression 237 models. This suggests that either exposure differences between races for these chemicals are mediated by 238 PIR, and/or exposure differences are explained by interactions between race and socioeconomic status. To 239 visualize differences in chemical biomarker concentrations by race across a gradient of income for a few 240 selected biomarkers, we generated violin plots of the chemical biomarker distribution stratified by 241 categories of PIR for each race/ethnicity ( Figure S2 ). For benzophenone-3 and cotinine (Figure S2A and 242 S2B), the trends of biomarker concentrations across the PIR categories and the average concentrations 243 within the same PIR categories differ by race. This is similar for ethyl paraben (Figure S2C) , but 244 differences are not as drastic. On the other hand, mercury ( Figure S2D ) along with other remaining 245 chemicals demonstrated a very different pattern from those of the previously mentioned substances. Across 246 all races, the trends across PIR categories are similar for mercury, but within the same PIR category, there 247 are differences in biomarker concentrations by race, suggesting that many chemical exposures disparities 248 by race are independent of PIR.
249
Starting in 2011, more detailed information on NHANES study participant race/ethnicity were 250 collected, including specifically identifying individuals who report Asian ethnicity. To understand whether 251 the results presented in Figure 3D predominantly reflect results in Asian women, who prior to 2011 were 252 categorized in other race/multi-racial category, we assessed exposure disparities specifically in the Asian 253 population. These results, presented in Figure 4A , show that, on average, multiple heavy metal biomarkers 254 are more than 2-fold higher relative to non-Hispanic white women, including cadmium, mercury, lead, and 255 arsenics. Additionally, the PFAS compound PFDA is significantly higher in Asian women (p-value = Excel Table S10 . 263 We have previously shown dramatic differences in the chemical "exposome" by age in NHANES 264 study participants, not stratified by gender or race (Nguyen et al. 2019 ). Here, we tested for differences in 265 chemical biomarkers by race, after stratifying by age group. Figure 5 displays that there are differences in metabolism and excretion rates by race, which is less likely. 1,4-360 dichlorobenzene exposure has been associated with altered thyroid biomarkers in NHANES (Wei and Zhu 361 2016), altered immunologic and liver function parameters in occupationally exposed workers (Hsiao et al.
362
2009), and altered sperm production and increased prostate weight in exposed rats (Takahashi et al. 2011) .
363
Understanding and mitigating exposure to these chemicals is therefore of importance to reduce disparate 364 risk of these health outcomes.
365
Heavy metals were among the chemicals most consistently different across racial/ethnic groups. In 366 particular, women who identified as other race or multiracial had the highest concentrations of multiple 367 metals, including cadmium, mercury, arsenics, lead, and manganese. Focusing on data from NHANES 368 2011-14, we identified that these elevated metals concentrations were restricted to women who identified 369 as Asian. This is consistent with a previous finding of increased concentrations of a subset of these metals 370 in Asian NHANES participants (Awata et al. 2017 ). Furthermore, elevated levels of mercury, lead, and 371 arsenics were also identified in non-Hispanic Black women, relative to non-Hispanic white women.
372
Mexican American women had elevated levels of uranium, lead, mercury, arsenics, and cadmium, while Table 1 . Demographic characteristics of the study population. 
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Covariates: race/ethnicity, age NHANES cycles, poverty income ratio, blood cotinine, and urinary creatinine NHANES 8 cycles (1999/2000 through 2013/2014) race, relative to non-Hispanic white women, stratified by age group and chemical family. Color reflects the 643 log2 fold difference in chemical biomarker concentration. Biomarkers in grey color were not measured in 644 that age group.
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